Introduction {#Sec1}
============

Studies on the social determinants of mental health date back to the early twentieth century when Faris and Dunham \[[@CR1]\] examined the relationship between Chicago area neighbourhood structural characteristics and mental disorder rates. They found high rates of severe mental disorders in disadvantaged neighbourhoods. These results have spearheaded the sociological research interests in the relationship between socioeconomic factors and mental disorder. In the ensuing years, increasing numbers of studies have investigated the variation of mental disorder incidents across areas with different levels of socioeconomic deprivation \[[@CR2]--[@CR6]\]. These cross-sectional studies have all pointed to the intuitive correlation between a higher mental disorder prevalence or psychiatric admission rate and a higher degree of economic deprivation in the neighbourhood.

The advent of the global financial crisis in 2008 and its economic consequences prompted a revival of this stream of literature, which subsequently assesses the relationship between macroeconomic conditions and mental health outcomes. Conceptually, at the individual level, economic crisis can affect mental health through increased unemployment, perceived insecurity, indebtedness, or decreasing welfare support. Many recent studies have documented the prolonged mental health effects of worsening economic conditions. For instance, in Spain, researchers have shown significant associations between crisis periods and increased frequency of primary care mental disorder diagnosis \[[@CR7]\] or self-assessed mental health \[[@CR8]\]. Similarly, results are found in relation to different types of affective disorder admission or diagnosis \[[@CR9]--[@CR12]\] and self-reported mental health in various European and US studies \[[@CR13]--[@CR17]\]. However, some Spanish studies have contradictory results, as they found the economic crisis to be associated with a lower number of people demanding mental health services \[[@CR18], [@CR19]\].

In Italy, the crisis has had profound implications on the population. The systematic rise in unemployment rates and the worsening labour conditions have given rise to substantial inequalities and social tensions \[[@CR20]\]. Also, the generally pessimistic outlook of the economy could have posed additional severe mental health challenges due to the widespread insecurity. Moreover, the governments did not use counter-cycle measures but instead implemented austerity measures, and the health care sector was thereby faced with budget cuts to avoid debt default \[[@CR21]\]. These fiscal policies may have unintentionally exacerbated unequal access to care across socioeconomic groups and geographic areas, and the consequences on mental health care utilisation of the population remain under-explored. If highly disadvantaged population not only have a greater need for mental health care due to the crisis, but these needs are not met due to inadequate resources being allocated to the corresponding services, equity concerns arise. This unmet need may even aggravate the burden on the health care system in the long run.

Although the literature on the association between economic crisis and mental health and health care utilisation is plentiful, the research in the Italian context has investigated the issue either using longitudinal survey data with subjective measurement of mental health \[[@CR22]\] or looking at the correlation between mental disorder and crisis period at the aggregated level \[[@CR23]\]. To our knowledge, no study has, at the Italian national level, proved the causal effect of the economic crisis on mental health care. We aim to contribute to this stream of literature by analysing the potential impact of changing economic conditions on mental disorder admissions throughout the crisis period in Italy. We pay special attention to the differential effect of the crisis on areas characterised by high- and low-income levels. As discussed in the following section, there is a marked paucity of studies that established the causal impact of the crisis on mental health care using administrative data. The results will be informative for policymakers in higher--middle- to high-income countries that had experienced rapid socioeconomic changes accompanied by an increasingly cost-conscious health care system.

Related literature {#Sec2}
------------------

To establish the socioeconomic determinants of mental health outcomes, we need to look into multi-disciplinary works for deeper understandings of how adverse conditions act as psychological stressors and how such conditions can have implications on the health care system. While the biological or psychological process is beyond the scope of this paper, we intend to invoke social science theories at the micro-social and macro-social levels to explain this link.

The psychological effects of living around neighbourhoods characterised by low social status are explored in the early literature \[[@CR24], [@CR25]\]. The emphasis is primarily on the social causes of psychological stress, including the amount of control and autonomy over the environment a person resides \[[@CR26]\], the extent to which one feels adequately rewarded for the labour \[[@CR27]--[@CR29]\], or deprivation in its various forms. We recognise the importance of the psycho-social factors, but given our empirical interest, we will only discuss the economic explanation in greater length. Blane \[[@CR30]\] identified the materialist explanation for psychological stress as the "experience arising as a consequence of social structure and organisation, over which the individual has no control". This illustration is linked to Weber \[[@CR31]\] 's concept of "life chances", which depends on one's bargaining power in the labour market \[[@CR32]\]. The feeling of little control and of being trapped can evoke frustration and anxiety\[[@CR33]\]. This response is likely to happen if individuals from a deprived condition have no means or qualifications to obtain jobs, and the disadvantage is likely to be exacerbated by the neighbourhood where one resides.

At the community level, theories on the sociological process that creates neighbourhood disorders focus on stressors and their implications on residents' health and wellbeing \[[@CR34]--[@CR36]\]. As discussed above, the lack of control and autonomy can contribute to the variation of health across social gradients \[[@CR37]\]. Residents who experience concentrated deprivation can generate a widespread sense of powerlessness and mistrust, which can further lead to psychological distress---anxiety, anger and depression \[[@CR38]\]. At the macro-societal level, theories on the loss of control during socioeconomic transitions provide insights into the mechanism behind the impact on health. Instability and insecurity in the labour market and unemployment during economic transitions or economic shocks can contribute to the rise in psychological and somatic responses such as chronic stress and anxiety \[[@CR39]\]. Lower levels of perceived agency can diminish optimism for the future and ultimately result in poorer population health \[[@CR38]\]. These broader adverse conditions can activate the chronic arousal of the stress system in its pathway to influence one's mental health \[[@CR40]\]. In the established theoretical literature, area-level socioeconomic factors are indisputably fundamental causes of mental illness.

Social epidemiologists and psychiatric scientists have long investigated the socioeconomic and environmental determinants of mental illnesses empirically. The early study by Faris and Dunham \[[@CR1]\] examined the geographic distribution of mental disorders across economic gradients. Their systematic analysis pioneered future studies on the association between social disorganisation and mental disorder \[[@CR2], [@CR41]--[@CR44]\]. These studies tested correlations between psychiatric admissions and socioeconomic indicators of the neighbourhood, showing a non-homogenous distribution of admissions to psychiatric care and mental disorders across areas that are differentially deprived.

Interests in this field of research resurfaced with the advent of the great economic crisis, during which rising unemployment and deteriorating working conditions have had implications on the population's mental health. While most research in the economics literature have analysed physical health outcomes and utilisation \[[@CR17], [@CR45]--[@CR48]\], there is much less understanding on the impact of macroeconomic conditions on mental health and health care. Ruhm \[[@CR49]\] summarised the previous research and broadly concluded that total mortality is pro-cyclical, that death increases during an economic boom, while for the sub-category of suicides or intentional self-harm the relation can be counter-cyclical. Among other related studies, Belloni et al. \[[@CR50]\] have shown that mental health improves upon retirement among 10 European countries, especially for regions that are hit severely by the economic crisis; Drydakis \[[@CR16]\] found more devastating effects of unemployment on mental health during the crisis in Greece; McInerney and Mellor \[[@CR51]\] have found that sudden wealth loss due to the 2008 market crash caused immediate decline in mental health. Most of the research utilised subjective measures of mental health.

Systematic reviews from inter-disciplinary research provided ample evidence on how economic recessions can be associated with mental health outcome and utilisation \[[@CR52]--[@CR54]\]. Frasquilho et al. \[[@CR52]\] found that economic indicators such as rising unemployment and declining income are significantly associated with poor mental wellbeing and increased rates of mental disorders. The majority of the studies investigated countries that are hit the hardest by the economic recession such as Greece \[[@CR9], [@CR10]\], Spain \[[@CR7], [@CR8], [@CR55]--[@CR57]\] and Italy \[[@CR22], [@CR58]--[@CR60]\], though primarily using cross-sectional surveys or ecological analysis, thus providing limited evidence of causal inferences \[[@CR52]\]. Parmar et al. \[[@CR53]\] identified relatively consistent results on the association between deteriorating economic conditions and poor mental health, although risks of bias persist in the studies due to selection and potential confounding effects. A recent systematic review by Silva et al. \[[@CR54]\] further summarised the empirical evidence on the association between periods of economic crisis and the use of mental health care, suggesting that periods of economic crisis can be linked to an increase in hospital admissions for mental disorders. For instance, a cohort study by Modrek et al. \[[@CR11]\] found a marginally significant increase in the post-recession trend in inpatient utilisation compared with pre-recession trend in the US, while Lee et al. \[[@CR61]\], in a time series analysis, found increased hospitalisation rate for affective disorders in Taiwan, especially among the low-income group. We aim to further investigate the causal impact of changing economic conditions on mental health and health care and the social gradient behind in the Italian context, given that the indirect costs in the form of lost mental capital and productivity can pose major challenges for the society.

Another factor related to the economic determinants of mental health is the role of income inequality. The earliest papers on physical health and income inequality showed a cross-sectional association between Gini coefficients of income inequality and various health outcomes \[[@CR62], [@CR63]\]. The literature rapidly expanded in early 2000, and a review by Wilkinson and Pickett \[[@CR64]\] showed an overwhelming majority of the studies found a positive relationship between income inequality and health. As the gulf between the poor and the rich widens in recent decades, many scholars explicitly looked into the effect of inequality on mental health. A 2017 Lancet Psychiatry meta-analysis collected data from 27 eligible studies and showed that there is a systematic negative effect of income inequality on mental health, with effects that vary widely across countries \[[@CR65]\]. Most recently, an in-depth examination illustrated how vast disparities of wealth are associated with elevated levels of stress, anxiety and ultimately, depression and bipolar disorder \[[@CR66]\]. We recognise the substantial contribution from these epidemiological studies and intend to incorporate the dimension of income inequality into our study explicitly.

Institutional background {#Sec3}
------------------------

In Italy, mental health services are offered by the Italian National Health Service (INHS) through a network of community and hospital services. Access is completely free for hospital care, while outpatient specialist services require co-payment. Moreover, broad categories of patients are exempted from such co-payment for economic reasons (low income), age (elderly) or due to specific chronic conditions. With the approval of the Psychiatric Reform in 1978, new admissions to specialised mental institutions were banned (with the exclusion of forensic detention centres), psychiatric hospitals were gradually closed down, and acute hospital care was attributed entirely to general hospitals \[[@CR67]\]. As a general rule, psychiatric services are organised around a department in charge of acute hospital care, outpatient services, day-care activities, including psychological treatments, rehabilitation and social services \[[@CR67]\]. Although the national legislation requires uniform standards across the country, significant inter- and even intra-regional differences persist after almost 40 years of policies towards geographical equity. In particular, southern regions tend to offer fewer services, mainly community based \[[@CR68]\].

The crisis in 2008 hit Italy with some specificities. First, the country's economic performance was stagnating since the early 1990s. The average real GDP growth in the periods of 1993--2008 and 2009--2018 were merely 0.7% and --0.3%, respectively \[[@CR69]\]. The great crisis hit an economy that was already strained by weak demand, lack of private investment, high public debt and declining international competitiveness in major industrial sectors. Moreover, government policies in Italy are constrained severely by its high public debt, so any attempt to use Keynesian policies to stimulate the economy with higher public spending is limited by tight budget constraints and the Euro Zone rules.

Unemployment rates have been persistently high since the onset of the crisis, especially among younger adults. In 2018, the employment rate for the population aged between 18 and 64 was 58.5%, almost 10% lower than that the average level registered for EU 28 countries \[[@CR70]\]. Given the social structure and the conditions of the labour market, the employment rate is particularly low among the youth---with 43.4%, Italy breaks the EU record for being the country with the lowest employment rate for the age group of 20--29 \[[@CR70]\]. Mean values for the leading indicators of economic performance mask significant geographical variations with some areas of the South being one of the poorest and most disadvantaged among all European countries. Southern regions, comprising about one-third of the Italian population, register a GDP per inhabitant that is less than 50% of Lombardy, the wealthiest region of the north \[[@CR70]\]. Overall, the impact of the crisis primarily exhibits in the form of rising unemployment.

Objectives {#Sec4}
----------

Using a societal perspective, we aim to carry forward the discussion by establishing the causality of deteriorating economic conditions during the economic crisis on mental disorder admissions in the Italian context. The study's objectives are twofold: (i) to test and measure the causal impact of the economic crisis on mental disorder admissions in Italy; (ii) to assess the heterogeneous impact of the crisis across areas with distinct levels of income. We wish to not only provide evidence on the socioeconomic determinants of mental health admissions but also potentially connect the research to the policy debates on mental health and health care.

Methods {#Sec5}
=======

Data {#Sec6}
----

We use administrative data from three primary sources and utilise the small geographic level as the unit of analysis to construct a panel data structure. First, we use the hospital discharge dataset collected by the Italian National Ministry of Health on all inpatient admissions during the period 2007--2015. The hospital discharge data provide detailed information about the clinical characteristics of the admitted patients, mainly through indications up to five secondary diagnoses. We requested for the extraction of patients aged between 18 and 65 and diagnosed with affective disorders (ICD-9: 296.0-296.9), which include severe mental disorders such as bipolar disorder, major depressive disorder and manic disorder. Our choice of age category is informed by our objective to detect the effect among individuals in the labour market, who tend to experience stress due to changing employment status and prospects. In investigating the socioeconomic determinants of mental disorders, many studies have focused specifically on affective disorders (or mood disorders), which is a subset of severe mental disorders including bipolar I disorder, major depressive disorder and manic disorder \[[@CR10]\]. Patients with affective disorders face substantial morbidity and mortality, as well as social consequences, with life expectancy lower than average \[[@CR71]\]. It is estimated that 7.4 % of the global disability-adjusted Life years (DALYs) are caused by diseases in the mental and behavioural disorder categories, with major depressive disorder carrying the most onerous burden. Therefore, we focus on this subgroup of affective disorder patients. Even though they represent only a limited fraction of all mental disorder categories, they have the highest admission volume in our dataset and are likely to be more associated with socioeconomic shocks rather than other mental diseases such as schizophrenia, which we consider for the placebo tests.

In the dataset, each patient is geographically located within one of the overall 611 Local Labour Areas---"Sistema Locale del Lavoro" (SLL)---that aggregates the neighbouring municipalities ("comuni") to reflect a common economic structure \[[@CR48]\]. The SLLs draw a territorial grid whose boundaries are drawn using the flows of daily work (commuting) detected from the general census of the population and households \[[@CR72]\]. This local labour market system represents the ideal geographic unit of analysis, as individuals residing within the area by construction experience similar labour market changes due to the economic crisis. We, therefore, utilise the unemployment rate, labour market and population information at the SLL level obtained from the Italian National Statistical Office (ISTAT). For each SLL, changes in the annual unemployment rates are used as an indicator of crisis intensity in the labour market. Furthermore, since we exploit the variation in the unemployment rate across 9 years, we do not specify a restricted definition regarding the timing of economic crisis but rather regard it as a process. To control for the overall resources within the community, we further incorporated the dataset with the distribution of the population income and constructed residents' stated income per person and the Gini coefficients at the SLL level.

Overall, we created a panel dataset of variables regarding patient admission, the unemployment rate, income level and other characteristics at the SLL level. The structure of the 9-year panel dataset with 611 areas per year allows us to identify the causal effect of unemployment change on mental disorder admission by eliminating the time-invariant unobserved heterogeneity.

Econometric model {#Sec7}
-----------------

We exploit the nine years panel dataset and connect variations in admission for affective disorders per 100,000 residents to changes in unemployment rate across time and space. Panel datasets have some appealing characteristics: (1) it allows us to control for individual (for our purpose the SLL area) heterogeneity, (2) it gives more informative data---more variability, less collinearity among the variables, more degrees of freedom and more efficiency. To address the issue of potential omitted variable bias for unemployment rate on admission rate, we considered several identification strategies, and we explain each in turn briefly.

The most commonly used panel data model to eliminate unobserved effects is to apply the within (demeaning) transformation---the one-way fixed-effects (FE) model or to take first differences to exploit variation across periods. We tested the two models against pooled-OLS and random effect models and concluded that the FE estimator is consistent. We, therefore, consider the following equation:$$\documentclass[12pt]{minimal}
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While we aim to capture the causal impact of changing unemployment on mental disorder admissions, we are also interested in the heterogeneous effects of the crisis across socioeconomic groups. In the last section of the analysis, we create discrete quintile groups according to the area's income level and interact the groups with the unemployment rate for the panel fixed-effect model.$$\documentclass[12pt]{minimal}
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                \begin{document}$${{\delta }}$$\end{document}$ identifies the differential effect of the interaction term between the indicator of the area belonging to one of the income level quintiles and the unemployment rate. The coefficients for the different quintile levels represent the crisis effect on admission rate for that income quintile area, and we use both the fixed-effect and dynamic within transformation to estimate the heterogeneous impact.

Results {#Sec8}
=======

Descriptive statistics {#Sec9}
----------------------

We have a balanced panel of 9 years and 611 SLLs. The summary of the variables we constructed can be found in Table [1](#Tab1){ref-type="table"}. We observe that overall, the admission rate for all affective disorder hospitalisation is around 77 individuals per 100,000 population on average for the SLLs, with the majority being bipolar disorder admissions. The average age of the patients is around 43 years, and the average length of stay is around 13 days. The unemployment rate is about 10% but ranges from 1.42 to 38.7%, indicating a considerable variation across areas. Income and inequality measures also differ widely across areas.Table 1Descriptive statisticsVariables (average at SLL level)ValuesMeanS.D.MinMaxAdmissions for all affective disorder/100,00077.16447.4830384.97Admissions for bipolar I disorder/100,00036.86328.0050259.99Admissions for major depressive disorder/100,00021.51122.5390261.51Admissions for manic disorder/100,0001.0733.1080131.30Patient age43.2152.27827.7557.71Length-of-stay12.5644.577266.87Unemployment rate (%)10.2465.5971.4238.70Annual declared income per person11,5093,0845,07720,949Population of residents97,208257,9043,1563,682,555Gini coefficient (\*100)14.1061.8218.6724.67Family size2.3900.2201.553.36Proportion of male (%)48.780.7746.26753.834Total observations5,499

Fig. 1Geographic distribution of unemployment rate and affective disorder admissions, all years

We further characterise the variation of our variables of interest over geography and time. The spatial variation of the average unemployment rate is found in Fig. [1](#Fig1){ref-type="fig"} on the left, where we observe a visible gradient between the north and the south. However, affective disorder admissions do not appear to have a clear geographic pattern. Over time, we see in Fig. [2](#Fig2){ref-type="fig"} that the unemployment rate increases consistently since 2008 and peaked in 2014, with the south having persistently higher levels than the central and northern regions. While total hospitalisation per 100,000 residents initially declined until 2009, it then experienced a drastic increase in the south. Descriptively, it appears that the increase in the unemployment rate over the observed period is accompanied by an increase in the admission for affective disorder patients for the southern regions, while it is ambiguous for the central and northern regions. What we aim to capture is the (heterogeneous) effects of the worsening labour market conditions on admissions for affective disorder.Fig. 2Time trends of unemployment rate and affective disorder admission rate, by macro area

In understanding the socioeconomic gradient of the correlation, we plotted the two variables of interest across discrete quintile groups according to the average declared income per person (Fig. [3](#Fig3){ref-type="fig"}). The scatterplot shows that in 2007 the correlation is slightly negative with no substantial differences across the quintile groups; but by 2015, there is a positive correlation between unemployment rates and admission rates for the first and the fourth income quintile groups (the dark red and the dark green lines). It means that descriptively, the effect of the crisis on mental disorder admissions differ across areas characterised by distinct economic conditions.Fig. 3Scatterplot of admission rate against unemployment rate by area income quintiles, 2007 & 2015

Regression results {#Sec10}
------------------

Table [2](#Tab2){ref-type="table"} reports the fixed-effect and first difference estimators from Eq. ([1](#Equ1){ref-type=""}). For all the models, there are significant and positive effects of unemployment rate on the admission rate for affective disorder---1 percentage point increase in unemployment gives rise to about 1 out of 100,000 residents being admitted to the hospital due to affective disorder. Although the result is robust for unemployment, most of the control variables are not significant.Table 2Linear panel modelsModelsFEFE with lagged unemploymentFDVariablesAdmissionAdmissionAdmissionUnemp1.618\*\* \*0.849\*\*(0.407)(0.331)Lagged Unemp1.052\*\*(0.415)Income per capita0.0006160.000303--0.000338(0.00103)(0.00111)(0.00101)Gini (\*100)0.432--0.107--0.209(1.108)(1.175)(0.970)Patient age0.02730.2350.174(0.290)(0.300)(0.196)Length-of-stay0.0342--0.2040.158(0.234)(0.242)(0.151)Family size11.3815.45--5.774(10.95)(11.33)(9.670)Proportion of male (%)--1.302--1.055--4.068\*\*(1.576)(1.624)(1.728)Constant89.7475.69--1.384\*\*(93.81)(96.17)(0.584)Observations549948884888Year dummyIncludedIncluded*F*-statistics2.99\*\*\*2.43\*\*\*2.35\*\*\*Number of small areas611611Standard errors in parentheses\*\*\**p*\<0.01, \*\**p*\<0.05, \**p*\<0.1

For the dynamic panel models, we report in Table [3](#Tab3){ref-type="table"} the fixed effect estimator with lagged dependent variable from Eq. ([2](#Equ2){ref-type=""}), the Anderson and Hsiao estimator as well as the Arellano and Bond estimator from Eq. ([3](#Equ3){ref-type=""}). Consistent with the linear panel model, all the coefficients for unemployment in the dynamic panel models are positive and significant, with values around 1. The similar results across linear and dynamic panel models show strong evidence for the effect of unemployment on admissions for affective disorder. The specification test for GMM shows that there is first-order serial correlation (AR1), and no second-order serial correlation (AR2). The Hansen test does not reject the over-identifying conditions.Table 3Dynamic panel modelModelsWithin transformationAnderson and HsiaoArellano and BondVariablesAdmissionAdmissionAdmissionLagged Adm0.149\*\*\*0.274\*\*\*0.0927(0.0359)(0.0517)(0.0629)Unemp1.017\*\*\*0.679\*1.460\*(0.315)(0.384)(0.770)Income per person0.000730--0.000410--0.00378(0.00102)(0.00122)(0.0125)Gini (\*100)--0.196--0.611--7.267(1.077)(1.136)(7.407)Patient age0.2400.3523.255(0.299)(0.235)(5.840)Length-of-stay--0.1230.1397.936\*\*(0.234)(0.190)(4.021)Family size5.901--6.396--134.2\*(9.579)(11.37)(69.38)Proportion of male (%)--1.995--4.681\*\*13.26(1.474)(2.004)(22.63)Constant--1.121\*\*\*--1.036--5.890\*\*(0.396)(0.698)(2.600)Year dummyIncludedIncludedIncludedObservations488842774277Number of small areas611611Instruments729Hansen test Chi square27.04AR1 test--3.91\*\*\*AR2 test2.10\*\**F* statistic5.81\*\*\*3.26 \*\*\*Standard errors in parentheses\*\*\**p*\<0.01, \*\**p*\<0.05, \**p*\<0.1

To check the robustness of our findings, we run both the linear and dynamic panel model for the sub-categories of affective disorders--- bipolar disorder and major depressive disorder. For each disorder, we first use the fixed-effect estimator with and without the 1-year lag of unemployment rate, as well as the Arellano--Bond estimator with a 1-year lag. As seen in Table [4](#Tab4){ref-type="table"}, the impact of unemployment is significant and robust for major depressive disorder admissions across all models, and similar for bipolar disorder except for the FE estimator with the lagged unemployment rate.Table 4Sub-disorder admissionsModelsFEFEFE laggedFE laggedArellano-BondArellano--BondBipolar IDepressiveBipolar IDepressiveBipolar IDepressiveLagged Adm0.05570.0372(0.0355)(0.0313)Unemp0.597\*\*\*0.889\*\*\*0.734\*\*0.675\*\*(0.215)(0.257)(0.308)(0.282)Lagged Unemp0.08750.498\*\*\*(0.177)(0.144)Income per capita0.0006200.0007400.0007990.0002190.000454-0.00285(0.000727)(0.000619)(0.000612)(0.000500)(0.00493)(0.00400)Gini (\*100)0.473--0.561--0.364-0.400--1.306--0.669(0.755)(0.690)(0.611)(0.499)(2.910)(2.408)Patient age0.1510.339\*\*0.301\*\*0.309\*\*\*0.2004.967(0.188)(0.158)(0.146)(0.119)(2.263)(4.558)Length-of-stay--0.01610.145--0.1270.05312.307\*2.618(0.129)(0.116)(0.107)(0.0875)(1.377)(2.434)Family size10.92--4.3561.966-2.800---55.04--43.70(6.827)(6.197)(5.273)(4.304)(35.22)(34.31)Male (%)--0.5430.0971--0.990-0.439--4.4497.602(0.999)(0.926)(0.946)(0.772)(12.47)(10.94)Constant11.528.771--478.42,539\*\*\*(56.87)(52.05)(487.7)(398.0)Observation54995499488848884277477Year dummyIncludedIncludedIncludedIncludedIncludedIncludedInstruments3030Hansen test Chi square30.31\*22.73AR1 test0.049--7.24\*\*\*AR2 test0.562--2/09\*\**F* statistic3.33\*\*\*5.74\*\*\*3.09\*\*\*8.55\*\*\*5.64\*\*\*2.59\*\*\*Standard errors in parentheses\*\*\**p*\<0.01, \*\**p*\<0.05, \**p*\<0.1

In identifying the potential gradients of the crisis effect on admission rate, we interact the different income quintiles with the unemployment rate as indicated in Eq. ([4](#Equ4){ref-type=""}). We observe in Table [5](#Tab5){ref-type="table"} that for both the linear and dynamic panel models, the impact of unemployment is only significant for areas belonging to the 1st quintile of average income (the coefficient for Unemployment), and, curiously, the marginal effects are negative for areas belonging to the top quintiles of average income. We can reasonably conclude that the adverse impact of rising unemployment admission for affective disorders is concentrated on the most economically disadvantaged areas.Table 5Heterogeneous effects across area income quintilesodelsFixed effectDynamic withinVariablesAdmissionAdmissionLagged adm0.148\*\*\*(0.0356)Unemp0.661\*\*0.506\*(0.304)(0.286)2 Quintile Inc--3.305--2.032(7.406)(7.425)3 Quintile Inc14.69\*14.33\*(8.885)(8.542)4 Quintile Inc10.246.813(8.885)(8.678)5 Quintile Inc18.51\*\*14.64(9.090)(9.010)2 Quintile Inc \* Unemp0.3930.425(0.405)(0.380)3 Quintile Inc \* Unemp-0.790\*--0.683(0.465)(0.424)4 Quintile Inc \* Unemp--0.5510.116(0.634)(0.605)5 Quintile Inc \* Unemp--1.768\*\*\*--1.082\*(0.596)(0.579)Gini coefficient (\*100)1.3020.244(1.036)(1.038)Patient age-0.01260.187(0.287)(0.298)Length-of-stay--0.00637--0.177(0.238)(0.238)Family size16.28\*14.56\*(8.341)(8.321)Proportion of male (%)--2.815\*\*--2.843\*\*(1.366)(1.312)Constant146.7\*149.8\*\*(75.03)(72.21)Observations54994888Standard errors in parentheses\*\*\**p*\<0.01, \*\**p*\<0.05, \**p*\<0.1

Placebo test {#Sec11}
------------

We further run a placebo test for the hospitalisation rate of schizophrenic patients. There is ample evidence in social psychiatry research that schizophrenia is not associated with sudden labour market changes but with urbanicity and socio-environmental changes, usually with an early onset during teenage years \[[@CR78], [@CR79]\]. Although we believe that increasing social fragmentation and income decline may contribute to early onsets of schizophrenic patients, job loss and labour market deterioration should not affect the hospitalisation of these patients. Indeed, in our placebo regression for admission rates of schizophrenic patients, we observe an insignificant effect of the unemployment rate in all specifications (Table [6](#Tab6){ref-type="table"}). Whereas for the Gini coefficient, the proxy for income inequality, significantly contributes to the admissions for schizophrenia. Further research is warranted to investigate the mechanism behind rising societal inequality during economic downturns and the likely onset of schizophrenia symptoms. Table 6Placebo regression for schizophrenia admissionModelsFEFE with lagged unemployment rateArellano-BondLagged Adm0.0523(0.235)Unemp--0.2510.466(0.410)(0.570)Lagged Unemp--0.0231(0.403)Income per capita--0.000401--4.97e--050.000763(0.000784)(0.000795)(0.00845)Gini (\*100)2.672\*\*2.517\*\*1.480(1.048)(1.018)(4.634)Patient age-0.382-0.302--1.937(0.240)(0.264)(2.876)Length-of-stay--0.510\*\*\*-0.688\*\*--2.145(0.183)(0.277)(2.304)Family size--22.31\*\*--15.05\*--0.532(9.903)(9.028)(46.23)Proportion of male (%)-1.236--0.2731.071(1.339)(1.229)(14.27)Constant168.0\*\*96.45(78.07)(72.05)Observation549948884277Year dummyIncludedIncludedIncludedInstruments29Hansen test Chi square14.88AR1 test--1.35AR2 test--0.93*F* statistic16.44\*\*\*12.49\*\*\*12.77\*\*\*Standard errors in parentheses\*\*\**p*\<0.01, \*\**p*\<0.05, \**p*\<0.1

Discussion {#Sec12}
==========

Our analysis has shown strong evidence for the impact of the economic crisis on admissions for affective disorders for the entire population in Italy. The effect is significant for all the different models that we tested, even though the magnitude is moderate. We argue that since we observe only inpatient admissions, not outpatient interventions, the actual impact could be even more severe. Moreover, it is well established that affective disorders are associated to cardiovascular diseases \[[@CR80]\], and thus the impact of unemployment on wellbeing and health care utilisation is likely to be substantially higher than that measured in this study. We also recognise that our outcome variable is limited in the sense that admission per se is a combination of supply and demand factors. While increasing inpatient admissions could reflect a greater need for care, it could be a result of a lack of ambulatory care and consequently use of hospital care when it is not appropriate. If this is the case, it will change partly our interpretations of the result, but we are nonetheless capturing the impact of rising unemployment on mental health care utilisation. Moreover, since the inpatient hospitalisation for affective disorder covers severely ill patients and not patients seeking counselling or outpatient visits, we believe the supply-side influence on admission is minimal. Finally, our results could be subject to migration bias, as individuals may move from more deprived areas to more affluent areas during the crisis. We have qualitatively assessed this possibility and did not observe a systematic change in the resident population over the years. In our dataset, we observe only around 8% of the patients seeking care in a region outside of his/her residence, indicating a low likelihood of patients travelling. Nonetheless, the exact pattern of population mobility is beyond our capacity to investigate given the nature of our data.

Our study uniquely contributes to the stream of literature on the socioeconomic determinants of mental illness by establishing the causal impact of rising unemployment during the economic crisis on severe mental disorder admissions in the context of universal coverage. The linear and dynamic panel models that we tested all point to the same conclusion---higher unemployment increases admission for affective disorder. However, inequality did not play a contributing role. When we analyse the socioeconomic gradient of the impact, we have found that areas with the lowest levels of income per capita are the most affected population. The result shows how people who belong to the more economically vulnerable segment of the society can experience adverse episodes due to their mental distress towards the deteriorating economic environment. Behind this effect, two mechanisms may be at play: (i) for the unemployed, worsening labour market conditions could have induced the onsets of affective disorders; (ii) for the employed, the social diffusion of job insecurity has raised the anxiety level that potentially led to affective disorder. The findings are in line with the materialist explanation for psychological stress, as adverse economic conditions may have contributed to the chronic arousal of the stress system for those who are either unemployed or live in a neighbourhood that is profoundly affected by unemployment.

The recent COVID-19 outbreak has brought another heavy storm to harm the mental health of the population in Italy. With increased social isolation, the general sense of grief and fear, alongside the grim economic prospects, we can reasonably expect anxiety, stress, and potential mental illness to escalate. Moreover, individuals who have existing mental health conditions may face challenges in their access to care and service continuity due to the interruptions in the health care system. The findings of our research can be critically relevant for the socioeconomic crisis that follows the pandemic disaster. We, therefore, hope to pave the way for more empirical evidence on the ramification of the COVID-19 crisis on the mental health care in various countries.

An estimated 970 million people around the world suffer from mental distress, and the prevalence of, for instance, depression has risen more than 40% over the past 30 years \[[@CR71]\]. The overwhelming phenomenon reflects a combination of the rising needs and the increasing awareness to seek treatment. How society perceives mental illness patients and how health care systems allocate resources to treatment and social policies will be a long-lasting debate. We hope that our study can bring to light the importance of adequate policy responses to address the psychological aspects of large-scale socioeconomic shocks in the long term. Specifically, more resources should be invested in social services and mental health specialist, both at the workplace and at the community level, to meet the future surge of needs and to prevent the loss of human capital and consequently labour market opportunities.
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